Abstract-According to the requirement of efficiency for rapid detection during the search and rescue in ruins, this paper proposes a subjective exploration strategy in the framework of simultaneous localization and mapping (SLAM). To balance the accuracy of SLAM algorithm and the efficiency of exploration, the problem of the subjective exploration of active SLAM is converted into an issue of multi-objective optimization. An objective function is presented to evaluate the uncertainties of estimation, the cost of movement and the gain of exploration. Furthermore, considering the uncertainty of estimation that is measured by the information entropy, an active constraint of loop closure is used for a backtracking correction of accumulated errors. Finally, the feasibility and validity of the proposed algorithm are verified by contrastive simulations and experiments.
I. INTRODUCTION
The frequent outbreak of earthquakes is a serious problem in recent years. Robots gradually play an important role in seismic rescue missions. Because of the unstable structures of buildings and potentially dangerous after earthquakes, robots replace human to assess the seismic damage, to search and locate survivors, and to auxiliary rescue. For such a robot, the autonomous mobility is a basic requirement. The abilities of environmental perception and self-localization are prerequisites and key technologies for the robot's autonomy. However, the internal environment of ruins, which is generated by a random seismic disaster, is unforeseen. The global position and the environmental map are both unknown. There is no absolute reference for the process of localization or mapping. The robot can only incrementally build a map of environments and simultaneously acquire its localization. The localization and map building are relevant and interdependent, that is, simultaneous localization and mapping problem (SLAM).
In recent years, the SLAM problem has attracted wide attention of scholars and made great progress in the field of robotics. Researches on the SLAM application of search and rescue robots are focused on the spatial location and environment modeling [1] [2] , and data exchange and association [3] . However, these algorithms are based on the passive exploration strategy. The significance of the exploration strategy in simultaneous localization and mapping is ignored, while the efficiency and timeliness of search and rescue cannot be satisfied. The exploration strategies of existing SLAM algorithms are used in the following ways [4] [5] [6] [7] :
1) Random walk: The control input is randomly selected by robot. The process of detection is blindly and inefficient.
2) Pre-specified path: A simple path, such as a line and a circle, is offline assigned before the robot enters environments. Then, the robot throughout tracks the pre-specified path to build maps and localized itself. The robot does not correct the probing path according to the actual detective field. The environmental integrity of exploration could not even be ensured. Moreover, to some extent, this pre-specified assumption and the unknown premise in SLAM are contradictory.
The SLAM problem itself only considers the robot map building and localization, without considering how to effectively detect unknown environments and how to guide the robot for a better mapping and localization. Therefore, the procedure of SLAM should be combined with an exploration strategy to simultaneously exploration, localization and mapping, that is, active SLAM. The objective of existing exploration strategies is to guide a robot to maximize moving toward the unknown region as soon as possible. However, in order to improve accuracy, the SLAM algorithm needs to repeatedly observe map elements. Therefore, the existing greedy exploration strategy that avoids backtracking at observed areas cannot be directly applied in SLAM algorithm. Moreover, the search and rescue need to quickly traverse the unknown regions. Therefore, the SLAM algorithm for environmental perception and localization should reduce the cost of time and energy. Given that assumption, how to improve the efficiency of subjective exploration and ensure the accuracy of SLAM algorithm are the subjects of this paper. In this paper, we propose a subjective exploration in the framework of SLAM used in ruins. The problem of active SLAM is converted into a solution of multi-objective optimization. To balance the accuracy of estimation, the cost of movement and the efficiency of exploration, an objective function and an active constraint of the loop closure are presented. By using the subjective exploration strategy during the simulations localization and mapping, the movement of robot gives consideration to both the information gain and the cost of uncertainty.
The rest of this paper is outlined as follows. In section II, we provide the analysis of the problem of subjective exploration for SLAM used in ruins. In section III, we explain how to convert the problem of subjective exploration into a solution of multi-objective optimization by using a comprehensively evaluation. Then, we present the procedure of the active SLAM algorithm, while some key elements are discussed. In section IV, we demonstrate the proposed method in both simulation and experiment. Finally, some conclusions are summarized.
II. ANALYSIS OF EXPLORATION FOR SLAM

A. SLAM
In the framework of stochastic process, the SLAM algorithm simultaneously estimates the position of robot and environmental landmarks, which is based on the probabilistic inference method. The goal of SLAM is that the true path of robot and the true position of landmarks can be recovered from the control variables and observations with noises. The solution is based on the Bayesian filter theory. The estimation method consists of extended Kalman filter (EKF) and RaoBlackwellized particle filter (RBPF).
Despite the limiting influence of the assumption of normal distribution and the model linearization, the covariance matrix is explicitly expressed in Kalman filter. We can use that to get the uncertainties between features in the map and to distinguish the influence of different control inputs on the state estimation. Therefore, this paper considers the exploration strategy with the EKF-SLAM framework.
To estimate the robot's location and environmental maps, the EKF-SLAM algorithm includes the following recursive steps: 1) Prediction: This step predicts the state at time instant k to the state at next time instant k + 1.
where,
are Jacobian matrices of the motion model with respect to the state X(k) and the input of control u, respectively.
2) Update: This step updates the state X(k+1) by using the observation model:
where:
Note that,
is the Jacobian matrix of the observation model with respect to the state X(k + 1) and Rk+1 is the covariance of the measurement noise.
B. Subjective Exploration in SLAM
For a SLAM algorithm, the exploration problem is the decision of an optimal view of observation and corresponding control inputs. Different from the traditional methods, an exploration strategy of SLAM should take into account the uncertainty that caused by the exploration towards unknown regions.
x From the point view of SLAM, firstly, the accuracy of mapping and localization is a key issue. The uncertainty of position increases while the robot traverses unknown areas. The overmuch uncertainty will cause inconsistency of mapping and even a nonconvergent result. Secondly, the high speed steering and large acceleration also increase inconsistency. Furthermore, according to the accumulated error, a loop closure should be used for the backtracking correction.
x From the point view of the search and rescue in ruins, the robot should cover as much terrain as possible in a short time. The completeness of observed environment should be ensured.
Therefore, the exploration strategy should comprehensively evaluate the following aspects: 1) uncertainties of estimation; 2) cost of movement; 3) gain of exploration. The subjective exploration of SLAM is converted into an issue of multiobjective decision.
In this paper, the subjective exploration in active SLAM refers to the issue that the robot itself decides a trajectory during simultaneous localization and mapping, in order to achieve optimal, which means an evaluation of the candidate control inputs in the planning. The trajectory is obtained by discretization of control inputs of the robot. The objective of planning is finding u i to satisfy: arg max
where, Uc(t) refers to a set of candidates of control inputs at time t.
III. SUBJECTIVE EXPLORATION OF ACTIVE SLAM
First, we propose objective function for an evaluation of the control input for the exploration. Second, to improve the accuracy of the active SLAM algorithm in the respect of environmental structure, an active constraint of loop closure is described. Finally, the procedure of the subjective exploration of the active SLAM is given.
A. Objective Function for Exploration
This section presents building of an objective function to comprehensively evaluate the influence of control inputs on uncertainties of estimation, the cost of movement, and the gain of exploration.
1) Uncertainties of estimation
The uncertainties of estimation are reflected in the accuracy of mapping and localization [8] [9] . The covariance ellipsoid of the pose of robot and positions of features is used to measure:
wherein, respectively. Equation (4) is used to calculate
2) The cost of movement In order to minimize the global error of localization, the high speed steering and large acceleration is avoided to enable the robot to walk more smoothly.
The cost of movement is composed of the cost of steering and forward motion of robot. The cost is measured by prediction of the absolute value of steering angle and distance after execution of control inputs. Because both units are not unified, the maximum length of accessible length of path and steering angle is used for the normalization. 3) The gain of exploration The measure of the gain in exploration is based on the prediction [10] [11] of a new area that can be observed by the robot after input of the controlled quantity.
Assuming that the center of robot is the circle center of the observation, based on the frontier between observed area and unknown area, the area of an expected exploration is calculated by:
where, Areag is area of each grid, Nnewobs(k + 1|k) is the number of new observed grids.
4) Multi-objective function
The objective function is obtained by the above three evaluations:
where, Uncer(PLmin) is the lower bound of covariance in mapping and localization, and Gainmax is the maximum area of the sensor detection, respectively. i Z is the weight of each above evaluation. Then, an optimal control input at time instant k can be calculated by:
where, Ucand is a set of feasible control inputs.
B. Active Constraint of Loop Closure
The robot returns to an observed area from different paths, that is, loop closure. If the loop is successful detected, the current pose of robot can be corrected by the existing map, which has been previously built [12] [13] [14] . The uncertainty of localization will be reduced, while the accuracy of mapping is improved. The process is shown in Figure. The information entropy is used to verify whether an active loop closure should be triggered. The entropy measures uncertainty of robot pose and the current map. The entropy H p [ of a random variable [ is defined as:
If the entropy is greater than the threshold which means the uncertainty is large, an active constraint of loop closure should be triggered. Beyond that, an open loop strategy should be used to continuously detect new unknown area for the efficiency of exploration.
C. Procedure of Subjective Exploration in SLAM
On the process of recursive estimation, by evaluation of uncertainties of estimation, the cost of movement, and the gain of exploration, the control input for the next exploration is determined by calculation of the multi-objective function. After implementation of the calculated control input, the localization and mapping are updated by the new observation.
With the increasing of time t, robot continuously selects the control input that is obtained by the optimizing objective function. The above process is implemented until all the features of environment are observed. The subjective exploration of the active SLAM algorithm not only drives the robot to explore unknown regions, but also ensures the accuracy of mapping and localization.
The procedure of the subjective exploration of active SLAM algorithm is shown in Figure. 
IV. EXPERIMENTS AND ANALYSIS
To validate the proposed exploration approach of active SLAM, simulations are contrastively analyzed and the experiment using a rescue robot has been carried out. This section shows their results.
A. Simulations
Two simulations in different environments have been carried out. The parameter of the laser sensor and odometer errors are listed in TABLE I. 
1) Simulation I on the multi-objective exploration
The first simulation environment is shown in Figure. 3 . A parallel corridor with several doors on the one side is simulated. The robot moves from the "start" that is indicated in the Figure. 3. The target of the simulation is detection on the right the side of figure by a uniform motion. The results of mapping based on ICP-SLAM algorithm are shown in Figure. 4.
At first, the robot moves according to a pre-specified path that returns at the end of the corridor. The result of mapping without a subjective exploration is shown in Figure. 4(a) . Because of the accumulative error, the robot executives the control input of turn when the uncertainty is already high. The turn brings large cost of motion which increases the difficulty of mapping and localization. As shown in the area of the marked box, the map of corridors appears bending which means the inconsistency of mapping. Then, the proposed subjective exploration is used. Because of the observable range, robot completes the detection of environment at position of "B". Considering the accuracy of mapping, the control input of turn is decided to execute nearby the door where obvious features can be used for the localization. The result of the proposed approach is shown in Figure. 4(b). As can be seen from the marked box at the same place, the accuracy mapping is improved and the integrity of exploration is ensured. The point cloud that is observed at position of "B" is given in Figure. 5. And the map from odometer is given for comparison in Figure. 6. The map, which is built from the odometer, is given for comparison. The robot moves from the "start" to "P" where a loop closure can be detected. The results of mapping of whether the robot moves to the observed area are shown in Figure. When a candidate loop is detected, the uncertainty of current estimation is used to decide whether an active loop closure should be triggered. As shown in Figure. 8(a) , the exploration continuously forces the robot to cover as much terrain as possible. It avoids place revisiting and thus makes the data association harder. Then, the uncertainty between features is increased and the spatial structure is twisted. This is further proving that a greedy exploration cannot be applied in the SLAM algorithm.
As shown in Figure. 8(b) , an active constraint of loop closure is triggered. The uncertainty of mapping is minimized by correction from the existing map which has been previously built.
B. Experiment on the effectiveness
The effectiveness of the proposed exploration is verified in an indoor environment. As shown in Figure. 9, a rescue robot AMOEBA-I which carries a laser sensor URG-04LX is used [15] . The sensor is carried on the middle of the shape shifting robot. The distance range of the measure is 4 m and the angular range is 240 degree. The height of sensor from ground is about 35 cm. The results of environmental map and robot path are shown in Figure. 10. In the EKF-SLAM framework, corner features are extracted from edges of boxes and chairs in the office.
According to the exploration strategy, the robot moves along desks and chairs to find features for the error correction. When the uncertainty is above threshold, the active loop closure is used for backtracking correction.
The experimental result illustrates that the active SLAM algorithm is able to accurately achieve map building and selflocalization and effectively detect environment based on the subjective exploration.
V. CONCLUSION
For the SLAM algorithm used in ruins, requirements of accuracy of mapping and localization and efficiency of rescue and search are inconsistent about the exploration strategy. According to this contradiction, a multi-objective optimization method has been proposed for the simultaneous exploration, localization and mapping.
Firstly, the influences of robot motion on the uncertainties of estimation, the cost of movement and the gain of exploration have been quantitatively analyzed. An objective function for subjective exploration in the SLAM framework is given for a comprehensively evaluation. Secondly, based on the information entropy, a mechanism of an active loop closure strategy has been built to correct the impact of accumulative error on accuracy. Then, the procedure and implementation steps of the subjective exploration of active SLAM algorithm have been given. Finally, the e ectiveness of the proposed algorithm was verified by contrastive simulations and experiments.
Based on the proposed subjective exploration, robot explores an unknown environment in an active and autonomic manner. The accuracy of estimation and efficiency of exploration are improved that the practical process of research on SLAM algorithm is promoted.
